A spline animal model was fitted to 152,103 test-day milk, fat, and protein yield records from 14,423 firstlactation cows. The models included age at calving and the herd-test-month as fixed effects. Model fitting was carried out using Restricted Maximum Likelihood with ASREML. For milk yield, the heritability at 18 d in milk was 0.19, which increased to the maximum estimated value of 0.23 at midlactation and then decreased. On average, milk, fat, and protein yield heritabilities were 0.22, 0.14, and 0.19, respectively.
INTRODUCTION
The use of test-day yield instead of 305-d lactation yields has recently become the focus of much research in dairy genetics Tijani et al., 1999) . Several studies have confirmed that environmental effects can be accounted for with greater preci-sion when an effect for test day (TD) is included (Ptak and Schaeffer, 1993; Swalve, 1995; Brotherstone et al., 2000; Pool et al., 2000) . Different methods have been proposed to estimate the (co)variance structure among TD. In methods using multitrait analysis, different testday yields are treated as different traits but the multitrait (co)variance components obtained do not allow a direct continuous description of the (co)variance structure (Gengler et al., 2001 ). Another method is based on the analysis of TD data with a model that estimates random regression coefficients of the lactation curve for each animal (Jamrozik and Schaeffer, 1997; Brotherstone et al., 2000) . The use of covariance functions to fit different covariances in repeated records has also been applied by Kirkpatrick et al. (1994) and Meyer and Hill (1997) . Verbyla et al. (1999) demonstrated that cubic smoothing splines could be fitted into the mixed model framework. A cubic spline is a smooth curve over an interval formed by linked segments of cubic polynomials at certain knot-points, so that the whole curve and its first and second differentials are continuous over the interval (Green and Silverman, 1994) . According to Jensen (2001) , spline models applied to TD data are a class of test-day models. Swalve (2000) , Huisman et al. (2002) , and Guo and Schaeffer (2002) classified the spline model as a random regression test-day model with a spline function as a submodel of the lactation curve. The ASREML software (Gilmour et al., 2000) has made the computations practical and White et al. (1999) have applied this methodology to estimate genetic parameters for dairy cow lactation curves. Subsequently, Huisman et al. (2001 Huisman et al. ( , 2002 ) applied the spline model to describe the growth curve in pigs at the genetic level. However, no information is available on whether this procedure is appropriate for fat yield and protein yield in dairy cattle.
The aim of this study was to estimate the genetic and permanent environmental parameters of Portuguese dairy cows' TD data by applying a cubic spline mixed model to milk, fat, and protein yields.
MATERIALS AND METHODS
Monthly test-day records were provided by EABL (Estaçã o de Apoio à Bovinicultura Leiteira). Records consisted of first-lactation milk, fat, and protein yields of dairy cows from January 1993 through September 1997. Test days with lack of proper identification, lack of information on birth, calving, or test date, test-day intervals shorter than 26 d or more than 35 d, and lack of first measurement between d 5 and 32, were not used. Records of cows calving before 20 mo or after 36 mo of age were also rejected. Only completed lactations with 8 to 12 TD records were retained. The percentage of lactation records excluded due to this edit was minimal. Each daily yield curve was modeled as a spline function deviation from the average spline curve. The study was undertaken with 152,103 observations of 14,423 first lactations.
Test-day records were fitted with a cubic spline mixed model (1). Fixed effects in the model were HTD (herdyear of test-class of month of test day) and age at calving. Because there are no available data on a large scale of BW and body condition, the inclusion of age at calving in the model may partially reflect these differences, but also reflects other factors that may differ with maturity and over time. According to Keown and Everett (1986) , Gallo et al. (1996) , and Pryce et al. (2002) , those factors would provide a better biological explanation of differences in milk synthesis capacity. The spline function was used to model milk, fat, or protein yield as a function of DIM. Moreover, the model has 2 random parts: one for the animal effect and another that accounts for repeated measurements on the same animal. The model used was: represents the estimates for the spline-coefficient of animal j and permanent environment of animal j, respectively, at the knotpoint m, and z m (t jk ) are the random spline-coefficient for test day t jk . This implies that the genetic and permanent environmental effects are modeled as deviations from the average spline curve. The residual variance was assumed constant for each TD but was allowed to vary between tests. In matrix notation:
where Y was a vector containing the observations, β was the vector containing the fixed effects, X was an incidence matrix, which indicates for each observation the fixed effects by which it was influenced, Zs was an incidence matrix containing the spline coefficients for each observation in blocks of animals, a was a matrix containing the estimates for genetic spline effects, pe was a matrix containing the estimates for permanent environment spline effects, and e was the residual variance term. The model was fitted using ASREML (Gilmour et al., 2000) .
RESULTS AND DISCUSSION
The spline animal model estimated a typical mean lactation curve for milk, fat, and protein, where there is a period of increase in early lactation followed by a continuous decrease after peak production. Results for the fixed effects of age at calving (b 0 ) and mean decline in production (b 2 ) are presented in Table 1 . The term b 0 represents the increase in production with an increase of 1 mo in age at calving. The value of b 0 = 0.17 kg/mo for milk was nearly identical to those reported by White et al. (1999) . On a 305-d basis, the increase of 1 mo in age at calving represents an increase in lactation yield of 50, 2, and 1.5 kg of milk, fat, and protein, respectively. However, this represents a delay to the beginning of the dairy cow's productive life.
In Table 2 , estimates of additive genetic, permanent environmental and phenotypic variances and heritabilities are shown for the 3 traits of the study. The additive genetic variance at DIM 18 was 5.83, which fell to 4.08 in the following 3 tests and then reached the maximum estimated value of 6.33 at DIM 348. The milk genetic and phenotypic variance estimates shown in Table 2 fall between the results of White et al. (1999) and Olori et al. (1999) . The other additive genetic, permanent environmental and phenotypic variances tend to follow the same concave pattern of variation with a moderate oscillation at midlactation. Tijani et al. (1999) used covariance functions developed by Gengler et al. (1999) to produce covariance functions for all days of lactation, and have concluded that the genetic variance increased with DIM. A contrary result (decreasing) has been presented by Strabel and Misztal (1999) for the traits milk, fat, and protein. This variability in results may be partially explained by the fact that estimates of the addi- tive and permanent environmental components of variance for test-day yields in a random regression model depend on the submodel fitted (Olori et al., 1999) .
For milk yield, the heritability at DIM 18 was 0.19, which increased to the maximum estimated value of 0.23 at midlactation and then decreased. Results reported by White et al. (1999) are similar to these in terms of pattern. However, that study found higher heritabilities. The heritability for fat yield follows a crescent trajectory. Furthermore, the heritability for protein yield showed a pattern of variation reasonably similar to that described above for milk heritability. Additionally, the heritability of milk, fat, and protein yields over the DIM considered in Table 2 were, on average, 0.22, 0.14, and 0.19, respectively. Other research reported higher (Pander et al., 1992 (Pander et al., , 1993 Swalve, 1995; Jamrozik and Schaeffer, 1997) or lower (Meyer et al., 1989; Veerkamp and Goddard, 1998; Gengler et al. 1999; Tijani et al., 1999; Gengler et al., 2001) estimates of heritabilities for milk, fat, and protein. The results of these authors have shown that heritabilities for fat were, in almost all cases, lower than the heritabilities for protein, and that milk production has the highest heritability, which is in accordance with Table 2.
Estimated genetic (r g ) and phenotypic (r p ) correlations between tests are shown in Table 3 . For milk yield, all correlations were positive ranging from 0.54 to 0.99 for r g and from 0.32 to 0.78 for r p . Genetic correlations were always higher than the phenotypic correlations. Adjacent tests have a minimum r g value of 0.96 and the highest values are located at midlactation. Higher estimates of genetic correlations between TD yields throughout lactation have been reported by White et al. (1999) . This pattern of variation has similarities with results achieved by Brotherstone et al. (2000) and Kettunen et al. (2000) . Phenotypic correlations decreased from the maximum value of 0.78 on adjacent tests to 0.32 between 18 and 348 DIM, whereas White et al. (1999) reported that phenotypic correlations for milk yield ranged from 0.40 to 0.75. For fat and protein yields, all r g were positive, ranging from 0.43 to 0.99. The r p results for fat production have the lowest values over all the 3 traits. Genetic correlations for protein yield showed some lack of consistency between the beginning and the end of lactation. However, all genetic correlations were positive in the 3 traits of this study. Brotherstone et al. (2000) reports negative genetic correlations for milk yield when 2 parametric functions [Wilmink (1987) and Ptak and Schaeffer (1993) ] were used.
In Figure 1 , two sets of sire breeding value curves for milk production are presented. They are expressed as deviations from the mean lactation curve. One set concerns 10 sires randomly selected from the 1824 sires, whereas the other set illustrates curves for 10 sires with high genetic merit for milk production. For the ranking of sires, we used the b j0 result (see model) as a scale criterion, comparable to a lactation yield criterion.
Although most of the 10 random curves are similar in shape, with some scale variation, there is considerable variation in shape for 2 of them. The curves for the 10 sires with high genetic merit show, as expected, a positive deviation from the mean lactation curve, and the shapes differ greatly from the others. On the other hand, we can see in Figure 2 that these 10 sires with high genetic merit for milk production show a positive deviation from the respective mean lactation curve for fat and protein yields. However, in those cases, the breeding value curves were more variable for fat than for protein; and this could indicate a higher correlation between milk and protein than between milk and fat.
So, Figures 1 and 2 elucidate the good flexibility of the spline methodology for describing the shape of the breeding value curves. White et al. (1999) a particular advantage of the spline approach is the extra flexibility it offers in the shape of fitted curves.
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CONCLUSIONS
The spline animal model estimated a typical mean lactation curve. This methodology allowed us to estimate genetic and environmental correlations. Sires with high genetic merit for milk production produced estimated breeding value curves for milk, fat and protein with a positive deviation from the mean curve and had considerable variability in shape. However, perhaps due to its more recent implementation, the splines mixed model framework has not yet achieved the popularity of other random regression models.
